ABSTRACT: Rapid changes in the composition of hillslope vegetation due to a combination of changing climate and land use make estimating slope stability a significant challenge. The dynamics of root growth on any individual hillslope result in a wide range of root distributions and strengths that are reflected as up to an order of magnitude variability in root cohesion. Hence the challenge of predicting the magnitude of root reinforcement for hillslopes requires both an understanding of the magnitude and variability of root distributions and material properties (e.g. tensile strength, elasticity). Here I develop a model for estimating the reinforcement provided by plant roots based on the distribution of biomass measured at the biome level and a compilation of root tensile strength measurements measured across a range of vegetation types. The model modifies the Wu/Waldron method of calculating root cohesion to calculate the average lateral root cohesion and its variability with depth using the Monte Carlo method. The model was validated in two ways, the first against the predicted depth-reinforcement characteristics of Appalachian soils and the second using a global dataset of landslides. Model results suggest that the order of magnitude difference in root cohesions measured on individual hillslopes can be captured by the Monte Carlo approach and provide a simple tool to estimate root reinforcement for data-poor areas. The model also suggests that future hotspots of slope instability will occur in areas where land use and climate convert forest to grassland, rather than changes between different forest structures or forest and shrubland.
Introduction
The spatial distribution of vegetation on Earth is changing rapidly by land use and climate drivers (Loarie et al., 2009; Hansen et al., 2013; Crowther et al., 2015; Davies-Barnard et al., 2015) . Vegetation change affects the rates of soil erosion, particularly landsliding, through modification of the reinforcing strength provided by roots (Gabet and Dunne, 2003) , and by changing the soil hydrology through interception and increased suction caused by transpiration (Keim and Skaugset, 2003; Band et al., 2012; Arnone et al., 2016) . Major changes in the structure of vegetation, such as happens during deforestation (DeGraff, 1979; O'Loughlin and Ziemer, 1982) or during climate-driven biome shifts (Soja et al., 2007; Beckage et al., 2008) are likely to significantly affect landslide magnitudes and frequencies, yet we lack a modeling framework for predicting this effect (Figure 1) . A large number of studies have focused on deforestation (Brown and Krygier, 1971; DeGraff, 1979; O'Loughlin and Watson, 1979; Ziemer, 1981; Eschner and Patric, 1982; O'Loughlin and Ziemer, 1982; Riestenberg and Sovonick-Dunford, 1983; Watson and O'Loughlin, 1990; Abe and Ziemer, 1991; Sidle, 1992; Watson et al., 1999; Montgomery et al., 2000; Schmidt et al., 2001; Mills et al., 2003; Sakals and Sidle, 2004; Sidle et al., 2006) and natural variability in plant functional type along slopes, usually brush to grass (Rice et al., 1969; Watson and O'Loughlin, 1985; Gabet and Dunne, 2002) or montane forest to grass Rengers et al., 2016) as drivers of dramatic increases in soil erosion and landslide hazards. Remote sensing methods measure vegetation change across the globe, particularly the change in aboveground biomass (e.g. Achard et al., 2002; Soja et al., 2007; Hansen et al., 2013) . However, translating these estimates of vegetation change into landslide susceptibility is not currently possible, in part, because we lack a mechanism to estimate the magnitude of soil reinforcement provided by different vegetation types.
Roots reinforce soil against shear forces by elongating in the direction of shear until either they slip from the soil or are broken in tension (Pollen-Bankhead and Simon, 2010; Schwarz et al., 2010; Cohen et al., 2011) . Hence, the magnitude of root reinforcement is controlled by the number of roots crossing a shear plane and their ability to resist shearing, which is a function of the friction between soil and root (Pollen, 2007) , the amount that roots within a bundle can elongate (Schwarz et al., 2010) , and the strength of the roots in tension (Waldron, 1977) . Root reinforcement models estimate the shear force required to initiate landsliding parameterized based on measurements made at a single pit or landslide scar [a full derivation of these methods is discussed by Cohen et al. (2011) ]. They are typically divided into two methods that rely on different physical representations of the root bundles. The Wu/Waldron method calculates root reinforcement as a function of the sum of the tensile force at failure of individual roots crossing a failure plane of known area (Waldron, 1977; Wu et al., 1979) . The simplicity of this method is its greatest advantage, yet the assumption that all roots break at once is unrealistic (Pollen and Simon, 2005) , and leads to overestimates of root cohesion of up to three times (Schwarz et al., 2010; Cohen et al., 2011) . The main alternative is the fiber-bundle model, where roots are assumed to act as a bundle of individual fibers that break progressively as a function of the amount of load (e.g. Pollen and Simon, 2005) or displacement applied (e.g. Cohen et al., 2011) . Fiber-bundle models improve the Wu/Waldron method by accounting for the progressive failure of the root mass (Pollen and Simon, 2005; Cohen et al., 2011) .
The belowground conditions that promote soil reinforcement are extremely variable. Measurements of root properties from pit-based field measurements on a single hillslope vary by an order of magnitude, even when controlling for tree size and distance from the stem (Hales et al., 2009; Hales and Miniat, 2017) . Soil reinforcement calculated within industrial forests varies between three and five times, where trees are planted in monoculture and at the same time (Schmidt et al., 2001; Genet et al., 2008) . The variability reflects changes in the distribution of root biomass and diameter distributions as a function of plant age (Osman and Barakbah, 2011) , distance from stem (Roering et al., 2003; Schwarz et al., 2012) , and the distributions of nutrients, water, and physical barriers within the soil (Stone and Kalisz, 1991) . This is modified by changes in the mechanical properties of roots due to root moisture content and water potential (Boldrin et al., 2017; Hales and Miniat, 2017) , root age, and physical defects (Cofie and Koolen, 2001; Schmidt et al., 2001; Hales et al., 2013) . The high natural variability leads to a significant epistemic uncertainty that must be accounted for in any root reinforcement model.
The challenges associated with natural variability in root reinforcement and uncertainty in root reinforcement models makes it challenging to translate root reinforcement measurements into slope stability models. Commonly used slope stability models such as SHALSTAB (Montgomery and Dietrich, 1994) and SINMAP (Pack et al., 1998) extrapolate an average or uniform distribution of point measurements to estimate cohesion. Others have used the size, geometry and distribution of different trees within a stand to estimate local minima in root strength (Roering et al., 2003; Sakals and Sidle, 2004; Cislaghi et al., 2017; Temgoua et al., 2017) . Alternatively, remotely sensed metrics of vegetation, such as normalized density vegetation index (NDVI) and light detection and ranging (LiDAR)-derived canopy heights, have also been related to root reinforcement (Chiang and Chang, 2011; Hwang et al., 2015) . In the simplest application, NDVI was linearly related to root reinforcement based on a locally derived range of reinforcement values between 0 and 50 kPa (Chiang and Chang, 2011) . Regional root distributions have been modeled based on the assumption of water limitation using an ecohydrologic modeling approach (Preti et al., 2010; Lepore et al., 2013; Tron et al., 2014) . This eco-hydrological approach has been used to estimate root reinforcement on slopes by taking eco-hydrologically based estimates of root biomass and converting them to a root reinforcement by using a topological root branching model (Arnone et al., 2016) . LiDAR-derived canopy height information combined with empirically derived allocation ratios and biomass measurements can be used to calculate forest-scale root reinforcements (Hwang et al., 2015) .
Here, I develop a model of root reinforcement of slopes, using biome-level distributions of root biomass and root tensile strengths. The purpose of the model is two-fold. (1) I look to develop a method for estimating root reinforcement, and its variability, for areas where limited or no data about root properties exists. The goal is to produce a model that can be applied easily and at a regional scale. (2) A model that reasonably quantifies the variability of root reinforcement can then be used to assess biomes that are particularly susceptible to changes in root reinforcement (and landslide potential) due to climate and land-use change.
Model Development
Here, I calculate root reinforcement based on root biomass distributions (e.g. Schenk and Jackson, 2002) and other published root data such as root tensile strengths (e.g. De Baets et al., 2008; Hales et al., 2009) and wood densities (Chave et al., 2009) . The model estimates root reinforcement for a particular biome based on empirical measurements of biomass distributions with depth, root tensile strength, and root density. The resulting output provides an estimate of the additional cohesion provided by roots (including the uncertainty in that measurement) as a function of depth for each biome. I test the model using two independent measures, the first is a dataset of 27 pit-scale calculations of root reinforcement for 15 different tree species calculated using a load-distributed fiber-bundle model (Hales et al., 2009; Hales and Miniat, 2017) and the second is a global database of landslide depths, which I compared to calculations of the minimum critical soil depth derived from modeled root cohesions.
At a global scale, the distribution of root belowground biomass has been measured from all terrestrial biomes based on a compilation of point-based root measurements (Jackson et al., 1996; Schenk and Jackson, 2002) (Figure 2 ). For each biome, root biomass (units of M/L 2 ) is distributed using a logistic dose response curve of the form
where B T (D) is the cumulative proportion of total root biomass at a particular depth (D) in the soil column, β 1 (units of L) and β 2 are a shape parameters that are fitted based on the measured cumulative root distributions (Schenk and Jackson, 2002) . The error associated with the estimates of β 1 and β 2 is proportional to the number of measurements included in the analysis. For each depth increment, dividing biomass per unit surface area by the average root density (ρ r ) gives a measure of the total diameter of roots at a particular soil depth which converts to total root cross sectional area per unit soil depth (r(D)),
This is similar to the approach taken by Preti et al. (2010) for converting biomass to root area ratio (RAR).
The force that a root breaks in tension depends linearly on their cross-sectional area (Hales et al., 2013; Hales and Miniat, 2017) . Hence the force at which roots from a particular tree species break can be determined from the slope of the regression between force at failure and root cross-sectional area. I calculated force at failure by randomly sampling from a database containing tensile strength measurements of 67 species (Table I ). I applied a small number of quality control steps to ensure data consistency. Following Hales et al. (2013) , I did not distinguish between field and laboratory methods, but limited samples to small diameters (< 5 mm), datasets with greater than 30 samples, and measurements of root strength rather than extraction force. Results reported as tensile strength were converted to force at failure by dividing by root cross-sectional area.
Most tensile strength data in the literature is presented as a plot of root diameter against root tensile strength (force/diameter 2 ), that suggests that small roots are proportionally stronger than larger ones. Given the autocorrelation associated with this plotting method, I chose to plot a linear relationship between root cross-sectional area and force at failure (Hales et al., 2013; Hales and Miniat, 2017) . The slope of the regression equation represents the average tensile strength (in N/m 2 ) and with the 95% confidence limits of the regression representing the various measurement and environmental uncertainties. To test for any diameter-driven differences in root tensile strength, I linearly regressed the residuals of the force-area plot against root cross-sectional area. There was no significant relationship in the residuals for any of the 67 species that I tested. The range of possible root densities and tensile strengths were calculated for each biome by assigning species to biomes based on the location where the data were collected. For each biome the range of densities and tensile strengths were calculated for the dominant plant functional group (i.e. trees, shrubs, grasses).
Root density information is rare in the literature, so I estimated this parameter using one of two methods. The xylem tissue of woody roots and stem wood are the same, so I used published wood densities from the global wood density database (Chave et al., 2009 ). This method is supported by the similarity between measured root and wood densities for three Appalachian tree species (Hwang et al., 2015) . Wood densities varied between 400 and 900 kg/m 3 for global species. For shrubs and grasses, average root density was calculated based on published specific root length data and mean root diameter. These estimates are extremely sensitive to the mean root diameter and are considerably more variable (between 40 and 300 m/g) as a result.
Root reinforcement per unit contour width (C r ) for each biome was calculated using a modified version of the Wu/Waldron method,
where F is the total force at failure of the root mass as averaged across a soil of depth D s and r is a reduction factor that Schenk and Jackson (2002) . Plot of cumulative biomass as a function of depth below the soil surface, showing the difference in both the total biomass and its location within the soil column for all major biomes. Forests and Mediterranean shrublands have the highest belowground biomass that is distributed deep within the soil column. Boreal forests are the exception and have roots that do not penetrate as deeply into frozen ground. Tundra and grasslands have small biomasses that are very shallowly distributed, whereas deserts have relatively few roots, but they can be deeply distributed. [Colour figure can be viewed at wileyonlinelibrary.com] 2159 BIOME DRIVEN ROOT REINFORCEMENT CHANGE accounts for the overestimation of root reinforcement by the Wu method. The reduction factor approach is similar to that of Runyan and D'Odorico (2014) , with r parameterized based on the difference between the Wu method and shear box and fiber-bundle model-derived estimates of root reinforcement from the literature (e.g. Pollen and Simon, 2005; Schwarz et al., 2010; Cohen et al., 2011) . The reduction in strength (r) estimated by fiber-bundle models is 1.6 and 2 times (although can be up to three times in species dominated by small roots) (Cohen et al., 2011) . I calculated lateral reinforcement by dividing the average root tensile force by the soil column depth as basal reinforcements were extremely sensitive to the chosen basal failure plane thickness. At the scale of this model there are many possible sources of uncertainty. These include estimating the density of roots, their tensile force at failure, the total biomass and its distribution with depth, and the reduction factor. Root density, tensile strength and fiber-bundle model reduction were sampled from a uniform distribution. The uniform distribution was chosen for these parameters, as the distribution of root densities, tensile strengths, and fiber-bundle model reductions that are found within our global dataset do not readily fit any statistical distribution. The uniform distribution represents the most conservative approach to parameterizing these values. Uncertainty in root biomass and its distribution were based on the number of observations in a given biome based on Schenk and Jackson's (2002) method. To account for this uncertainty, I calculated the average root reinforcement for a biome based on a Monte Carlo simulation of 1000 different combinations of these parameters.
Model Testing
I tested the model using two independently derived field methods. The first, is a comparison between the modeled depth distributions of lateral root reinforcement against fiber-bundle model-derived estimates of root reinforcement calculated in the southern Appalachian Mountains (Hales et al., 2009) (Figures 3 and 4) . The forest here is dominated by mixed hardwood forest characteristic of warm temperate forests allowing comparison of the biome-derived reinforcements against the independent measurements from species within that forest.
The second test of the model compares root reinforcements against a global compilation of landslide datasets (Wooten et al., 2007; Milledge et al., 2014; Kim et al., 2015) . I calculated the minimum threshold depth for stability for different biomes by rearranging the Mohr-Coulomb equation. This calculation provides an estimate of the minimum expected depth of failure for a given distribution of root reinforcements. For this calculation, friction angle is a significant unknown, so friction angles were randomly chosen from a uniform distribution (with bounds of 30°and 45°), to encompass typical values of friction angle for colluvial soils (e.g. Schmidt et al., 2001; Hales et al., 2009) . The minimum failure depths were compared to the measured depths of landslides from each biome ( Figure 5 ). Note: The densities of two grass and shrub species were estimated from specific root length data in the literature, they are likely to be significantly more uncertain than the other density data. n/a, data not available. a Derived from specific root lengths of Løes and Gahoonia (2004) with mean diameters of Loades et al. (2010). b Derived from specific root lengths of 40 to 120 m/g and an average root diameter of 0.35 mm from Li et al. (2017) .
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Results and Discussion
To assess the first objective, as to whether the model can provide a reliable method for estimating root reinforcement for data poor areas, I compare model results to those from a fiber-bundle model of root reinforcement (Figure 3) . The model compares well with the data both in terms of the depth distribution and variability in root reinforcement. Both the data and model decrease systematically from peak lateral cohesions in very thin (< 30 cm) soils. This is because the proportion of roots to soil (the root area ratio, RAR) decreases in deeper soils and lateral cohesion is most strongly controlled by RAR. The difference between the data and model results at very shallow soil depths is because the logistic dose function underestimates the relative proportion of roots at very shallow depths. If trying to model stability of very thin slopes, then it would be best to use the maximum cohesion value from the model. With the exception of a single example of an extremely extensive root system collected downslope of a sugar maple (Acer saccharum) range of modeled root cohesions is the similar to the range of measured root cohesion values. When plotted together, the data of Figure 3 demonstrate the range of variability in root cohesion within a single forest patch. The distribution of cohesion values produced by the model reflects the distribution that has been measured in the field (Parker et al., 2016) (Figure 4) . Therefore, the probabilistic approach of the modeling in this paper may be able to adequately represent the real distributions of root cohesion on a hillslope. Hence, there is significant promise in using this model in an applied sense.
One significant element of the model is the wide range of cohesion values calculated for a given biome. The range of values reflects both natural variability in the model input parameters and uncertainty associated with the physics of the model. To ascertain whether the wide range of results in the model represents natural variability or model uncertainty, I performed a sensitivity analysis. In the model, the parameters that are affected by the measured natural variability are associated with biomass distributions, tensile strengths, and root densities, while the reduction factor represents the major uncertainty in the characterization of the model. Modeled values of cohesion are most sensitive to the distributions of root tensile strengths. For example, lateral cohesion values at 1 m depth for a warm temperate forest with tensile strengths that range between 9 and 45 MPa (the global range for this biome) vary between 0.5 and 18 kPa. When tensile strength remains constant at 9 MPa and other parameters are varied through their limits, the range of cohesion values is between 0.5 and 4 kPa. In contrast, the value of root density chosen produces only small differences in the value of cohesion at a particular depth, but it strongly controls the distribution of cohesion with depth. Lower density roots occupy a greater root area that will be disproportionately apportioned to areas of concentrated biomass. Hence areas of higher biomass, close to the surface, will have proportionately higher root cohesions than those with low root biomass. Finally, the shape parameters in the biomass distribution are the least sensitive parameters within the model. Changing the reduction factor has no effect on the shape or distribution of root cohesion, but it does affect the minimum and maximum values calculated in the model (by up to a factor of three). The sensitivity analysis demonstrates that the parameters that reflect the natural variability occurring on slopes (tensile strength and root density) exert much greater effect on the modeled root cohesions than the parameters associated with model uncertainty (the reduction parameter).
The model can be applied to define the range of root cohesion values for a slope, and is particularly useful for areas with no independent measurement of root reinforcement. Predicting the exact location of a landslide on a hillslope may not be necessary for many applications of landslide models, where instead it is susceptibility of a slope to landslides that is of greatest interest. In this case, hazard may be best estimated using the distribution of potential values of root cohesion. Defining the distribution of root cohesions (for a given depth) for a particular vegetation type, allows slope stability models (such as the one shown in Figure 5 ) to define the failure conditions across catchments. The advantages of the root cohesion model presented here is that it has a relatively small number of parameters that are well defined empirically, it accurately reproduces both the depth distribution and variability in cohesion to be expected for a given vegetation type. The distribution of root area has been well established as a key element of any estimate of root reinforcement (Abernethy and Rutherfurd, 2001; Cohen et al., 2011) . The results of both the modeling exercise and cohesion data from the southern Appalachians, show that the variability within a particular biome may reflect close to an order of magnitude uncertainty in the value of cohesion (Figures 3 and 4) . Adequately accounting for the uncertainty in the RAR, even relatively close to the base of large trees, remains a significant challenge for deterministic models of root reinforcement, particularly those interested in determining the location of landslide initiation on a hillslope (e.g. Arnone et al., 2016; Cislaghi et al., 2017; Temgoua et al., 2017) . When combined with the challenges of estimating the depth of colluvium on a hillslope (Parker et al., 2016) and with the spatial distribution of soil material properties (Milledge et al., 2014) , a more deterministic understanding of landslide initiation requires further work.
The primary role of the additional cohesion provided by tree roots is to modify the depth of the failure plane (Selby, 1993) . The proposed root reinforcement model allows us to understand the first order controls that vegetation may play in governing the size and depth distribution of landslides ( Figure 5 ). At a first order, there are significant differences in the total biomass of warm and cool temperate forests and Mediterranean shrublands and vegetation growing in extreme climates (boreal forests and deserts) and for grasslands in any climate ( Figure 2) . As a result, both the minimum predicted failure depth and the measured depth of landslides are deeper than those initiated in grasslands ( Figure 5 ). The model performs best for cool temperate forests and Mediterreanean shrublands ( Figures 5A and 5C ), where the average of our 10 000 estimates of cohesion generally brackets the lower limit of landslide susceptibility and all apart from one landslide fall above the minimum cohesion estimated by the model. Warm temperate forests have a very wide range of depths of landslide initiation and modeled cohesions ( Figure 4B ). Cohesion estimates for grasslands are the least reliable, primarily because landslides can occur at very low slope angles in these landscapes. Lateral cohesion estimates for grassland slopes are extremely low due to their low biomass and shallow depth distributions. When cohesions approach 0 Pa, the MohrCoulomb equation suggests that there is no minimum depth for landslide initiation. It could be possible that cohesions could approach 0 Pa within some grassland settings.
Despite differences in biomass distribution and tensile strength, the biome-level model demonstrates that there is very little difference between forests and Mediterranean shrublands in terms of the additional cohesion, despite significant differences in the root properties. Where they do differ is in terms of shape of the tail of the root cohesion distribution (Figure 4) . Warm temperate forests, where the strongest roots have been measured, include some of the highest cohesion values and have a more strongly skewed distribution of root strengths. When this is examined against the global dataset of landslide depths, warm temperate forests support some of the thickest shallow landslide deposits ( Figure 5 ). In the case of Appalachian forests (where much of the warm temperate data has been collected), thicker soils appear to more likely be related to differences in the material properties of the soil, dominantly root cohesion, than to hydrological triggering factors (Parker et al., 2016) . The model also defines a wide range of potential soil failure planes for these forests. In contrast, Mediterranean shrublands produce roots that have a smaller range of lower root tensile strengths. While the high biomass in these areas produces a similar mean root cohesion to warm temperate forests, the lack of strong roots in this environment means that high values (> 10 kPa) of root cohesion are rare. Landslides in these landscapes tend to have lower escarpment heights ( Figure 5 ).
Another application of this modeling framework is to understand how changes in vegetation may affect slope stability. A number of mechanisms have been proposed to affect the distribution of vegetation on hillslopes. Climate change, particularly the distribution of precipitation and temperature affects the distribution of the vegetation (Beckage et al., 2008) , and could potentially result in significant future changes in the vegetation composition of hillslopes (Loarie et al., 2009) . Changes in vegetation associated with human activity has provided more rapid and measureable changes to hillslope vegetation over the past century (Hansen et al., 2013) . These include tree death associated with the introduction of disease and parasites and deforestation (Hansen et al., 2013) . The model results suggest that due to the natural variability in forest landscapes, slope stability in mixed forests is likely to be insensitive to the removal of individual species. However, slope stability in monocultures is likely to be very sensitive to land-use change. For example, the model could be used to calculate changes in root reinforcement associated with a climate-driven shift from tundra to boreal forests. The results can be readily coupled with slope stability models to provide an understanding of potential changes in landsliding without a priori knowledge of the rooting strengths and distributions. Hence, this model may provide a useful framework for examining global shifts in landslide frequency due to vegetation change.
Conclusions
I developed a regional scale model for estimating the reinforcement provided by plant roots based on the distribution of biomass measured at the biome level and a compilation of root tensile strength measurements measured across a range of vegetation types. The model demonstrates that much of the variability in the depth distribution of root cohesion within a particular biome reflects the uncertainty in the strength and distribution of plant roots. Uncertainties captured by this Monte Carlo approach reflect an order of magnitude difference in root cohesions measured on individual hillslopes. The cohesion values can be added to a slope stability model that coincide with the minimum depths of failure for global shallow landslides. Finally, the data suggest that changes in vegetation structure that dramatically change the depth distribution of roots are likely to affect the size and frequency of landsliding, while more subtle changes, such as those at the species level are likely to have relatively little effect on slope stability.
